A single population of stem cells maintains many epithelial tissues. A mathematical model of this tissue maintenance requires three parameters to describe the growth dynamics observed in transgenic mouse cell tracking-a division rate, a stratification rate, and the probability of dividing symmetrically. Deriving these parameters is time intensive and the results highly sensitive to biological variation. Results: We compare the alternative strategies for analyzing experimental data, identifying an approximate Bayesian computation-based approach as the best in terms of efficiency and appropriate error estimation. All tested solutions are made available to allow new datasets to be analysed following our workflows. Based on our findings we make recommendations for future experimental design.
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Introduction
The stem cell dynamics of squamous epithelial cells is a major subject of study in biomedicine. Squamous epithelial tissues cover the external surface of the body, the mouth, and the esophagus, and the most common human cancers develop from these tissues. Epithelial tissues consist of layers of keratinocytes, and in mice, skin and esophageal tissues are maintained by a single layer of cells at the base of the tissue. Stem cells in this basal layer stochastically differentiate, cease cell division, and then stratify into the upper layers of the tissue, migrating to the surface before eventually being shed. Human squamous tissues have a more complex organization, but share several features and are believed to be maintained in a similar manner. The 'single progenitor' model has been shown over several years to accurately describe the observed stem dynamics in transgenic lineage tracing experiments (Clayton et al., 2007; Doupé et al., 2010 Doupé et al., , 2012 Lim et al., 2013) . Using three parameters, the division rate, the stratification rate, and the probability of symmetric division, this model predicts average clone size, clone size distributions, tissue homeostasis, and cell survival probabilities. Whilst simulation based techniques have been used to fit experimental data, an analytical solution has also been described (Antal and Krapivsky, 2010) allowing for maximum likelihood calculations. Model parameterization and accurate representation of uncertainty however remains problematic, particularly in light of short-term data from in vivo histone dilution assays and live imaging that show cell cycle distribution times do not follow the exponential distributions assumed in the analytical model (Murai et al, 2018) .
Here we report the results of exploring alternative approaches applied to the analysis of both published and synthetic datasets. We find that simulation-based maximum likelihood methods require extensive sampling to find a distribution of parameters making them intractable for many analyses. We further find that use of the published analytical solution allows identification of a single parameter with narrow confidence intervals. However, the analysis of synthetic datasets with realistic cellcycle distribution times and biological variation between samples suggest that these intervals are too narrow. We conclude that an approximate Bayesian computation (ABC) based approach using a non-Markovian simulator gives appropriate error bars at an acceptable computational cost, and present our methods in a python notebook, enabling the easy analysis of newly collected datasets. The single progenitor model has been described in detail elsewhere (Clayton et al., 2007; Doupé et al., 2010 Doupé et al., , 2012 . Briefly, the progenitor cell compartment is modelled as containing a mixture of stem cells, which go on to divide, and differentiated cells, which go on to stratify into upper layers of the tissue. Cell fate is determined on cell division; a stem cell divides to either give one differentiated and one stem cell daughters (asymmetric division), or either a pair of differentiated cells or a pair of stem cells (symmetric division). The probability of either symmetric division is r, and of asymmetric division is 1-2r. The model has two further parameters, the division rate (λ) and the stratification rate (Γ). The stratification rate can be expressed in terms of the division rate and the fraction of cells in the basal layer that go on to divide (ρ). Therefore, parameterising the model requires specific values to be found for r, λ
, and ρ . All code was implemented in python 3.6, in Jupyter notebooks, using numpy. Sequential Monte Carlo ABC was used through the PyABC library. Code is available in supplementary information.
Results
To explore the limitations of different methods for parameterising stem cell clone dynamics, we initially applied maximum likelihood based on simulations and a published analytical solution to the analysis of both experimental (Doupé et al., 2012) and synthetic datasets with exponentially distributed cell cycle time distributions. Both approaches broadly agreed on the estimated parameters for the experimental data. The analytical solution was able to infer the expected parameter values efficiently, producing narrow confidence intervals and a smooth likelihood distribution (Fig 1a) . In contrast, maximum likelihood based simulations required a sample size larger than 100,000 simulations per parameter set to produce an appropriate distribution, increasing computational effort substantially (Fig 1b) . Strikingly, both experimental and synthetic datasets gave extremely narrow 95 % confidence intervals, suggesting extremely little biological variation, in contrast to estimates of division times where confidence intervals were ~10 % of the mean. A known issue however in the analytical solution is the assumption of an exponential distribution of stem cell cycle times, which is known to be incorrect based on histone labelling and live imaging experiments (Piedrafita et al., 2019; Rompolas et al., 2016) . Furthermore, the original synthetic datasets do not take into account biological variation between mice, and so do not allow us to test whether error estimates are accurate. To test these properties explicitly both features were included in synthetic datasets and rerun. Application of the analytical engine to the variable synthetic datasets revealed that the estimated likelihoods were both inaccurate, and overly precise. Whilst the introduction of more non-Markovian cell cycle times undermines the maximum likelihood parameters, the underestimation of errors by maximum likelihood methods has been reported as a result of poor sampling (Jain and Wang, 2008; Sugasawa and Noma, 2019) , (Fig  1c) . Using a simulation based maximum likelihood approach improves the parameter estimation but error estimation, and computational efficiency remain issues. To address this, a Sequential Monte Carlo ABC (SMC-ABC) approach was applied. This method efficiently and accurately identified the input parameters, producing a smooth distribution with more realistic confidence intervals (Fig 1d) . Together, these findings demonstrate that the SMC-ABC inference technique can be considered as the most appropriate method for analyzing lineage tracing datasets.
The analysis of synthetic datasets with introduced noise in their par ters further allowed us to explore the effect of inter-mice variabili the analysis. The likelihood distributions calculated from individual points vary across time and are insufficient to estimate paramete their own. When compared with likelihood distributions calculated experimental measurements, whilst we find that the distribution generally highly similar the small number of biological replicates at timepoint (two or three) leaves them prone to distortion by chanc rameter combinations. Given that the appearance of indiv timepoints has been used to justify the consideration of more com models of stem cell hierarchy (Mascré et al., 2012) , this presents a lem for experimental design. Based on our findings here we sugges increasing sampling at individual timepoints by three-fold whilst r ing the total number of timepoints by a third would minimize this without impacting parameter estimation. This tool enables the analy epithelial tissues, but also other systems where cohesive clones ar served. 
